Somatic genome instability is a hallmark of cancer genomes and has been linked to aging and a variety of other pathologies. Large-scale cancer genome and exome sequencing have revealed that mutation load and spectra in cancers can be influenced by environmental exposures, the anatomical site of exposures, and tissue type. There is now an abundance of data favoring the hypothesis that a substantial portion of the mutations in cancers originate prior to carcinogenesis in stem cells of the healthy individual. Rapid advances in sequencing of noncancer cells from healthy humans have shown that their mutation loads and spectra resemble cancer data. Similar to cancer genomes, mutation profiles of healthy cells show marked intraindividual variation, thus providing a metric of the various factors-environmental and endogenousinvolved in mutagenesis in these individuals. This review focuses on the current methodologies to measure mutation loads and to determine mutation signatures for evaluating the environmental and endogenous sources of DNA damage in human somatic cells. We anticipate that in future, such large-scale studies aimed at exploring the landscapes of somatic mutations across different cell types in healthy people would provide a valuable resource for designing personalized preventative strategies against diseases associated with somatic genome instability. Environ. Mol. Mutagen. 59:672-686, 2018 . Published 2018 . This article is a
INTRODUCTION
The adult human body consists of 10 14 cells that arose from a single zygote via cell division. During the divisions and in the nondividing terminally differentiated stage, each cell has the ability to acquire mutations from both endogenous and environmental processes. It has been reported that a cell may encounter more than 70,000 DNA lesions per day (Lindahl and Barnes 2000; Tubbs and Nussenzweig 2017) . Such lesions may be either due to spontaneous cytosine deamination, endogenous oxidative damage, or due to exogenous DNA damaging agents which include ultraviolet radiation, X-rays, and tobacco smoke. If left unrepaired or if erroneously repaired, these lesions may result in DNA nucleotide substitutions (also termed as single nucleotide variations (SNVs)), small or large insertions and deletions (indels), copy number variations (CNVs), and gross chromosomal rearrangements (GCRs). Moreover, DNA replication, transcription, and recombination can destabilize and mutagenize DNA, which further adds to the genome mutation burden. To avoid deleterious outcomes of DNA damage, cells have evolved a large repertoire of DNA repair pathways. Each pathway is specialized for a subset of lesions with defects leading to increased rates of DNA damage and mutagenesis. Thus, the somatic mutation burden, spectra, and landscape can collectively act as a lifetime record reflecting the environmental exposures of the individuals and the efficacy of DNA repair processes in their cells.
With the advent of large-scale next generation genome and exome sequencing projects, a vast variety of cancer types have been sequenced. As cell populations in tumors are highly clonal, most of the somatic mutations are found in high fraction sequence reads making mutation calls reliable and amenable to validation. Analysis of mutational burden and spectra in many thousands of tumor genomes led to the striking discovery that mutation profiles vary among cancer types based on cell-type and location in the body, and the known DNA damaging agents the individuals may have been exposed to overtime (Alexandrov et al. 2013; Lawrence et al. 2013; Roberts et al. 2013; Roberts and Gordenin 2014) . However, cell populations in the specimen directly collected from noncancerous tissues are mostly nonclonal, thus not allowing for similar analyses in healthy individuals. As such, the somatic genome mutation loads and spectra from healthy individuals is largely an untapped resource. Advances in single-cell genome sequencing and newer technologies to isolate single cellderived clones are providing unforeseen insights into this field. This review is focused on the current methodologies aimed to measure mutation loads and to determine mutation spectra in noncancerous somatic cells. We also highlight how such data can be used to understand the impact of environmental and endogenous DNA damage in the individual's cells across the human body and through the individual's lifetime. Understanding the mutation loads and spectra in cancer-free individuals is essential to providing the baseline for defining norm and pathology in human somatic genome instability.
SOMATIC MUTATIONS ASSOCIATED WITH DISEASES AND WITH AGING
The mutator phenotype hypothesis postulates that increased mutation rates in cancer cells provides a fitness advantage by leading to tumor heterogeneity, which may further contribute to the generation of resistant cell populations to chemotherapeutic agents (Loeb 2001) . Several examples can be found for factors leading to increased spontaneous or induced mutation rates in cells that are associated with heightened cancer risk and poor prognosis (Loeb et al. 1974; Hart et al. 1977; Aaltonen et al. 1993; Parsons et al. 1993; Cunningham et al. 1998; Cleaver and Crowley 2002; Hecht 2008; Joo et al. 2016; Gansmo et al. 2017) . Over the last decade, several international consortia such as The Cancer Genome Atlas (TCGA), International Cancer Genome Consortium (ICGC), and Pan Cancer Analysis of Whole Genomes (PCAWG) have undertaken efforts toward the sequencing and annotation of mutations in cancer exomes and genomes. Somatic mutation loads in tumors were found to be highly variable across cancer types ranging from~100 mutations to >10 6 mutations per genome. This variability could in part be explained by the differences in the mutator phenotypic manifestation in the cancers, as well as the replicative history of the tissue, the age of cancer onset and the source of mutations, such that childhood tumors like Rhabdoid tumors or tumors in neuronal cells tend to have lower number of somatic mutations,whereas cancers with known strong environmental mutagen exposures like lung and skin tend to have higher mutation loads (Alexandrov et al. 2013; Lawrence et al. 2013) . Moreover, mutation spectra in the samples resembled known spectra of the environmental mutagens, such that lung cancers were predominantly C!A changes, characteristic of oxidative damage, while skin melanomas were characterized by a majority of C!T changes, attributable to ultra-violet radiation (Alexandrov et al. 2013; Lawrence et al. 2013) . Post zygotic mutations, have also been implicated in the pathology of a variety of diseases, other than cancer ranging from neurodevelopmental disorders, including the autism spectrum disorders, skin abnormalities like incontinentia pigmenti and syndromes with more widespread phenotypes including Proteus syndrome, Klippel-Trenaunay syndrome, and Sturge-Weber syndrome (Table I ) and reviewed in the study by (Erickson 2003 (Erickson , 2010 (Erickson , 2014 (Erickson , 2016 .
Both environmental and endogenous DNA damaging factors continuously mutagenize the somatic genomes of the human body's cells over an individual's lifetime. Increase in mutation loads with age has been documented in both model organisms and human cells from healthy or cancerous tissues. Moreover, defects in DNA repair pathways that could increase mutation load are often associated with diseases that manifest as premature aging (Loeb et al. 1974; Hoeijmakers 2009; Gregg et al. 2012) . Studies with reporter transgenes introduced in the mouse liver, brain, heart, small intestine, and spleen demonstrated an age-dependent increase in transgene mutation frequencies (Dolle et al. 1997; Dolle and Vijg 2002) . A similar ageassociated increase in transgene mutation frequencies was demonstrated for Drosophila melanogaster. Interestingly, increased temperature, which has been shown to decrease the fly lifespan, had a dramatic impact on accelerating the mutation rates in the flies, implying that mutation loads and organismal fitness can be inversely correlated (Garcia et al. 2010) ; however, one cannot rule out other potential impacts of temperature on lifespan modulation in flies. Analysis of mutations in the HPRT, HLA-A, T-cell receptor, and glycophorin A genes in human cells also demonstrated an increase in somatic mutation load with age (Davies et al. 1992; Koboldt et al. 2012; Cibulskis et al. 2013; Van der Auwera et al. 2013; Kroigard et al. 2016) . In both mice and humans, the rate of increase in mutation frequencies varied in the tissues implying a dependence of the mutation loads on both the replicative potential of the cells and on the varying exposures to DNA damaging agents in the tissues (reviewed in the study by Kennedy et al. 2012) . In addition to single base substitutions, increase in other forms of genome instability including large-scale GCRs and CNVs (Ramsey et al. 1995; Dolle et al. 2000; Dolle and Vijg 2002; Vijg and Dolle 2002) , and increased expression of retrotransposons and elevated L1 copy numbers, likely indicating increased transposition events , have also been seen to be associated with aging and age-associated diseases. Environmental and Molecular Mutagenesis. DOI 10.1002/em In further support of the association between increased somatic mutation loads and age are the cancer-based studies of genome instability. Cancer is a known ageassociated pathology and the cumulative risk of developing cancer has been shown to increase with age up to 70 years (White et al. 2014) . Somatic genome instability was found to correlate with age of the patients at the time of cancer detection (Tomasetti et al. 2013; Milholland et al. 2015) , and analyses of mutations in cancer genomes suggested that age-associated mutation loads double every 8 years (Podolskiy et al. 2016) . Importantly, tissues with high stem-cell turnover, demonstrate higher cancer risk, likely due to increased probabilities of accumulating potentially deleterious mutations (Tomasetti and Vogelstein 2015) .
SOMATIC MUTATION LOAD AND SPECTRA IN HEALTHYCELLS
Although it is estimated that more than half the mutations in cancer somatic genomes arise in healthy cells prior to carcinogenesis (Tomasetti et al. 2013) , the knowledge about and accurate measurements of somatic mutations load and spectra in noncancerous human cells are limited. In recent years, novel technological advances in obtaining clonal populations or in sequencing single cells have initiated the progress in the accrual of genomic data for healthy human tissues and cells (Fig. 1) . Below we describe the methodologies developed for NextGen genome sequencing of healthy somatic cells and tissues.
Deep Sequencing of Bulk Cell Populations
The heterogeneity of healthy tissue poses a problem for reliable and comprehensive identification of somatic variants in a sample via standard sequencing methods. To detect rare somatic variants, present in low allele fractions in a sample, deep sequencing to ultra-high coverage of either a fraction of the genome or the entire genome may be utilized. Moreover, the estimation of allele frequencies of the somatic variants detected can allow for assessment of the clonality of the sample. Deep sequencing of a panel of driver genes from small biopsies obtained from eyelids of patients that underwent blepharoplasty (eyelid lift surgery), revealed that somatic genome changes are abundant in healthy tissue, with no evidence of negative selection of potentially deleterious variants. The majority among the mutations detected by deep sequencing in these skin biopsies were C!T and CC!TT changes and likely rose due to UV-irradiation of skin cells during the lifetime of the donors (Table II) . Interestingly, based on low fraction of reads containing mutations, clonality in these sequenced samples was very low, implying that the somatic mutations were present in very small localized regions of skin with large heterogeneity within the tissue (Martincorena et al. 2015) . Sequencing the exomes of the bulk cells from skin biopsies from the forearms of hips demonstrated a similar clonal architecture, wherein each biopsy that was 4 mm in size contained at least 10 clonal lineages. The cells from the forearms carried a higher mutation burden, and UV-mutation spectra were prevalent in cells from the forearms (Saini et al. 2016) .
A major caveat of deep sequencing bulk cells is the limitation of the current NGS technologies to accurately detect Erickson 2003 Erickson , 2010 Erickson , 2014 Erickson , 2016 Environmental and Molecular Mutagenesis. DOI 10.1002/em very low frequency somatic changes. The ability to detect rare variants is dependent on the number of reads obtained during sequencing, erroneous calls due to sequencing errors and the amount of the starting genetic material. As such, it may often not be feasible or cost effective to ultra-deep sequence genomes using the canonical NGS methods. As an alternative, DNA barcoding strategies have been developed, wherein DNA molecules are uniquely barcoded at the ends with specific DNA sequence tags. The barcoded DNA is then PCR amplified and mutations present in greater than 95% of the barcoded samples from the same barcoded molecule are considered true positives (Kinde et al. 2011) . Alternatively, the individual strands of DNA may be barcoded with tag sequences incorporated within Illumina sequencing adapters followed by strand-specific PCR. The amplified copies of the barcoded molecules allow for sequencing of each DNA strand repeatedly, thus, generation of consensus read sequences from these drastically reduces errors made during amplification and sequencing. This allows for detection of variants at frequencies as low as 10 −5 mutations per base pair (Schmitt et al. 2012) . A further improvement to these techniques is the CypherSeq approach that clones the barcoded library into circular vectors that can be enriched using rolling circle amplification of targeted molecules, thus maximizing read depth without off-target amplification. CypherSeq has been shown to accurately detect variants as low as 2.4 × 10 −7 mutations per base pair (Gregory et al. 2016 ). Optimization and usage of these sequencing strategies for high-throughput sequencing of panels of targeted genes can permit detection of somatic mutations across populations with high accuracy. The colored circles (red, cyan, yellow and green) in the tissue denote nuclei within the cells with different somatic mutations respectively. The dark blue circles denote nuclei with germline polymorphisms present across all cells in the tissue. DNA extraction from the bulk cells followed by deep sequencing provides a measure of the diverse somatic mutations present in the sample (left panel). The gray lines denote individual reads in NGS, and the colored circles on them imply heterozygous somatic mutations or germline polymorphisms present in the tissue. The somatic mutations in bulk sequencing samples are often present in very low allele fractions. In addition, sequencing errors (crosses) may further confound analysis in deep-sequenced heterogenous samples. To determine the somatic mutations in a given cell WGA from a single cell followed by WGS may be used (middle panel). However, pluripotent stem cells may be derived from the tissue and grown clonally to get enough number of cells for WGS. The primary cells may also be either cultured directly or organoid cultures may be established from the stem cells within the tissue allowing propagation in vitro to obtain DNA for WGS (right panel). In single cell sequencing, and clonal population sequencing somatic mutations are present as high frequency alleles, while errors generated during library preparation and sequencing are usually present in a smaller fraction of reads. Therefore, somatic mutation calling using these approaches is more accurate.
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Sequencing Single Cells
The somatic mutation load present in a single cell represents the mutations accumulated in that cell lineage over an individual's lifetime. Although sequencing bulk cells provided the first approximation of the mutation load and spectra in noncancerous cells, such studies cannot address cell-to-cell variability within a tissue and provide the mutation load and spectra within independent cells. A single diploid human cell contains approximately 6 pg of DNA; therefore, whole-genome amplification (WGA) is a prerequisite for single-cell DNA sequencing (Fig.1) . As the first single cell genome sequencing study by Navin et al. (2011) , a variety of methods to amplify and sequence genomes from single cells have become available. Initial attempts to amplify the genome relied on PCR using either degenerate oligonucleotides or primers targeting either specific sequences in the genomes or adaptors ligated to sheared genomic fragments. However, PCR-based methods were not efficient in yielding uniform coverage across the entire genome. The second generation of WGA methods including multiple displacement amplification (MDA) or multiple annealing and looping-based amplification cycles (MALBAC), involved isothermal amplification using the phi29 polymerase, which has a very low error-rate and high processivity with the ability to do strand displacement, allowing for large genomic regions to be amplified (reviewed in the study by Gawad et al. 2016) . A major challenge in whole-WGA from single cells is the introduction of contaminating DNA from the environment. Performing single-cell WGA in microfluidic devices was found to drastically reduce such contamination (Blainey and Quake 2011) and increase uniformity of genome Single base substitutions Brain~1,500 somatic mutations per neuron. The major mutation signature was C!T changes at CpG motifs.
Single-cell sequencing Lodato et al. (2015) Skin~600 to 13,000 somatic mutations per skin fibroblast obtained from skin biopsies from the hips and forearms. Mutation load in sun-exposed skin is higher, with a prevalence of UV-mutation signature.
Single cell-derived clonal lineage sequencing Saini et al. (2016) Skin~1,000 somatic mutations per skin fibroblast obtained from donor underarm skin biopsy. Single cell-derived clonal lineage sequencing Bae et al. (2018) Colon, small intestine and liver 1,000-3,000 mutations per cell. Linear increase in mutation loads with age. C!T changes at CpG motif detected in small intestine and colon cells. Mutation signature attributable to an unknown source in liver cells.
Adult stem cells-derived organoids sequencing Blokzijl et al. (2016) Environmental and Molecular Mutagenesis. DOI 10.1002/em coverage during both MDA and MALBAC approaches (Marcy et al. 2007; Yu et al. 2014 ). More recently, Chen et al. developed linear amplification via transposon insertion (LIANTI) to linearly amplify single cell genomes. LIANTI involves DNA fragmentation by Tn5 insertions, and T7 transcription at promoters inserted during the transposition event followed by reverse transcription and cDNA synthesis to linearly amplify the DNA, thus reducing off target priming and the lack of exponential DNA synthesis abrogates amplification biases and artifacts (Chen et al. 2017) . These technologies are revolutionizing the field of single cell DNA sequencing and are enabling efficient and accurate measurements in somatic cells that are difficult to culture in vitro.
Single-cell DNA sequencing has been instrumental in understanding somatic genome variation in noncancerous cells, especially in terminally differentiated cell types that cannot be easily propagated in vitro to obtain sufficient amount of clonal DNA for high coverage genome sequencing. Using MDA or GenomePlex (a PCR-based WGA technique [Sigma Aldrich Cat# WGA4; Arneson et al. 2008] followed by either low coverage whole-genome sequencing (WGS) (Cai et al. 2014) , or a combination of both low coverage WGS and SNP arrays (McConnell et al. 2013) , it was established that neuronal genomes often carry large CNVs leading to mosaicism in the brain. With a predisposition to deletions, large-scale CNVs spanning megabases of the chromosomes, and whole chromosome aneuploidies could be detected in 13-41% of the cells analyzed (McConnell et al. 2013; Cai et al. 2014) . A slightly lower frequency (8-10%) was seen for the presence of large CNVs, which were more than 5 Mb in size, in skin keratinocytes and neurons, when the sensitivity and selectivity of the CNV-calling algorithms were improved (Knouse et al. 2016) (Table II) .
Increasing the coverage for WGS studies to 60× allowed for estimation of the number of retrotransposition events and single nucleotide variants in single neurons. L1 retrotransposition was found to be a rare event with a frequency of >0.6 retrotranspositions per genome (Evrony et al. 2012 ). Conversely, 1685-1793 somatic SNVs were detected per neuron, and upon accounting for falsediscovery rate due to amplification errors, the average number of mutations per neuron ranged from 1458 to 1580 (Lodato et al. 2015) . Interestingly, mutation loads were found to vary with the expression levels of genes and the predominant mutation types in neurons were C!T at CpG motifs, implying normal cellular transcription and repair input into mutagenesis in neurons. CNVs and SNVs were often also found to be shared between cells from the same individuals, suggesting that these changes may have occurred early during development and neurogenesis thus allowing to track developmental lineages within the tissues ( Combining single-cell sequencing techniques with strand-specific sequencing (StrandSeq) has further enabled detection of structural changes in the genome including inversions, which are otherwise difficult to sequence, with very high accuracy. In this approach, cells are grown in the presence of a thymidine analog 5-bromo-2 0 -deoxyuridin (BrdU) that is incorporated in the nascent strand during DNA replication. Irradiation by UV leads to nicking and removal of the BrdU-containing strand and allows for strand-specific DNA libraries to be created. Sequencing and alignment of the reads to the plus or minus strands maintains parental DNA directionality and permits identification of structural rearrangements (Falconer et al. 2012; Sanders et al. 2016) . StrandSeq can provide information about sequence composition of homologous chromosomes, copy neutral rearrangements including translocations between homologs and between sister chromatids, which are currently unattainable by the conventional NGS approaches (Sanders et al. 2017 ). Single-cell sequencing of 47 cord blood samples using StrandSeq demonstrated the presence of 111 polymorphic inversions in the genomes with the smallest inversion being~17 kb in length (Sanders et al. 2016) .
Overall, single cell WGS has already provided insights into the somatic mutation loads and spectra in healthy human tissues. However, the intrinsic error rates associated with WGA, and the lack of genetic material to orthogonally validate somatic mutations are still the major impediments preventing accurate measurements of mutations in somatic cells. Despite the advances in WGA techniques, these still lag behind bulk DNA sequencing which can obtain 90% genome coverage with read-depths as low as 4×. MDA on the other hand, only covers 73% of the genome at 25× average read-depth, while MALBAC is limited to approximately 34% of the genome at the same average read-depths (Zong et al. 2012) . Such loss in genome coverage lead to high rate of SNV dropouts and often only one of the alleles are covered in the final data (allelic dropout). Efficiencies of detecting both alleles of known SNVs range from 91% in MALBAC to as low as 10% in MDA (Zong et al. 2012) . LIANTI was found to outperform both methodologies and achieve upto 97% genome coverage at 30× average read depths. LIANTI was found to outperform both MALBAC and MDA and achieve upto 97% genome coverage at 30× average read depth with only a 17% allele dropout rate, compared upto 65% allele dropout rates by the previous methodologies (Zong et al. 2012; Chen et al. 2017) . Furthermore, regions of the genome carrying repetitive DNA and other structural or sequence elements that may prevent amplification are significantly underrepresented in WGA and downstream WGS (Zong et al. 2012) . WGA methods also have high SNV false positive rates being~4 × 10 −5 for classical WGA techniques to 5.4 × 10 −6 for LIANTI. The false positives could potentially be eliminated by independently sequencing multiple Environmental and Molecular Mutagenesis. DOI 10.1002/em single-kindred cells or kindred clonal lineages without need for amplification and comparing mutation calls (Zong et al. 2012) . Alternatively, false positive calls may be ablated by comparison of single-cell sequencing data with unamplified bulk cells from the same population. This method was first applied to reliably detect base substitutions introduced by the activity of the mutagen N-ethyl-Nnitrosourea in Drosophila and mouse cells (Gundry et al. 2012) , and subsequently to evaluate concordant mutation calls in whole genome amplified single human somatic cells and bulk cells obtained from the same source . Furthermore, performing single-cell lysis on ice and treating DNA by uracil-N-glycosylase and endonucleases to eliminate temperature-induced cytosine deamination to uracil that may have occurred during DNA preparation and library preparation steps are expected to further decrease artefactual calls (Chen et al. 2017; Dong et al. 2017 ).
Sequencing Clonal Lineages
Sequencing single cell-derived clonal lineages that have been cultured in vitro up to sufficient cell numbers to provide DNA for WGS, can bypass the caveats of bulk and single-cell genome sequencing mentioned earlier. Most adult human cell types are terminally differentiated are not amenable to growth in culture media. Reprogramming adult skin cells into induced-pluripotent stem cells (iPSCs), Abyzov et al. found that almost 30% of skin cells carry largescale copy number changes (Abyzov et al. 2012) . Like the single-neuron WGS, skin cell-derived iPSCs harbor~1,000 somatic mutations per cell (Abyzov et al. 2017 ). An independent study involving sequencing of protein coding regions from iPSCs derived from skin cells showed the presence of 14 and 28 somatic mutations per cell, with no SNVs shared between the cells further corroborating the conclusion of very high mosaicism in skin. Interestingly, comparisons of iPSCs derived from the same source helped determine the mutation rate and spectra during reprogramming. The process of reprogramming terminally differentiated cells was found to be inherently mutagenic with a prevalence of oxidative damage-induced mutations (Ji et al. 2012; Rouhani et al. 2016) .
Although iPSCs allow for sequencing of otherwise unculturable cell types, the increased copy number, structural genome changes, and elevated mutation rates during the process of reprogramming preclude accurate measurements of these changes in somatic cells (reviewed in the study by von Joest et al. 2016) . Two methodologies have been developed that involve the least manipulations to the cells and therefore provide the most accuracy in downstream mutation calling. The first approach involves directly obtaining single cells from a donor's tissue, and culturing them in vitro to obtain single cell-derived clones ( Fig. 1 and APOBEC3A and APOBEC3B-specific signatures take into account the −2 positions allowing differentiation between the activities of the two cytosine deaminases.
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The AID-signature motif demonstrates specificity in the −2 nucleotide position and is a tetranucleotide motif.
Environmental and Molecular Mutagenesis. DOI 10.1002/em approach was used to measure mutation loads in fibroblasts obtained from the left and right hips and forearms of two healthy donors. After filtering to remove somatic genome changes that were present in the germline of the donors or those that may have occurred during culture, each cell analyzed carried at least one structural and copy number variant and from 581 to 12,743 single-nucleotide substitutions. The majority of the structural variants were present in the vicinity of known fragile sites, indicating that replication impediments at these loci are the primary cause of GCRs in somatic cells (Table II) . Validation by PCR and Sanger sequencing of~10 exonic mutations from the cells and amplification and Sanger sequencing of the breakpoints of the structural variants, showed a high rate of true positive calls. The age-associate C!T changes in CpG motifs (Table III and Alexandrov et al. 2015) were detected in all cells analyzed in the study. Furthermore, overall mutation loads in cells from the forearms exceed those in hips, and UV-signature mutations were prevalent in the sun-exposed samples.
The second approach to analyze clonal-lineages involves in vitro organoid culture from multipotent adult stem cells (Fig. 1) . Organoids are three-dimensional multicellular cultures that mimic in vivo tissue. These can be constructed using either embryonic or iPSCs, or tissue-specific adult stem cells. Organoids are suspended in extracellular matrix and cultured in laminin-rich Matrigel with growth factors that induce stem-cell expansion. For example, stem cells obtained from intestinal crypts are grown in the presence of Wnt, noggin and epidermal growth factors, required for maintenance and expansion of Lgr5+ stem cells (Blokzijl et al. 2016 and reviewed in the study by Rookmaaker et al. 2015) . As organoids are derived from a single adult stem cell, this methodology has allowed researchers to obtain clonal cell populations in vitro for WGS and tissuespecific mutation analysis while bypassing the need for WGA as needed for single-cell studies (Behjati et al. 2014; Blokzijl et al., 2016) . WGS of organoid cultures from mice stomach, small bowel, large bowel and prostate demonstrated wide variability in mutation loads and spectra in the tissues with mutation loads varying from 100 to 600 mutations per culture (Behjati et al., 2014) . This approach was later applied to human tissues, and WGS from organoids derived from the colon, small intestine and liver of individuals ranging from 3 to 87 years demonstrated that each cell carried 1,000 to 3,000 point mutations per genome with an age dependent increase of approximately 40 mutations per year. The major mutation signature in the colon and smallintestine derived cells was C!T at CpG dincucleotides. An additional signature whose source is currently unknown was detected in liver-derived organoids (Blokzijl et al. 2016) (Table II) .
These studies highlight the impacts of both replication and tissue-specific extrinsic sources of DNA damage in generation of the somatic "mosaicome" (Bae et al. 2018) across the human body. The tissue-specific mutation loads and profiles in the above-mentioned studies clearly demonstrate that somatic genomes can be a dosimeter of the endogenous and exogenous mutagenic processes operative in cells over the lifetime of the donors. Sequencing larger populations of individuals, and wider cell types will provide us with the ranges of somatic genome variability.
Somatic Mutation Calling
In addition to the methodology used for sequencing somatic cells, accuracy of somatic mutation calls is further dependent on the alignment and mutation calling algorithms used and downstream filtering applied. Currently, there are a multitude of pipelines for whole-genome sequence alignments and mutation annotation. Many of these somatic mutation callers have been assessed for specificity and sensitivity in comparative studies. It is evident that the balance between sensitivity and accuracy of true positive calls varies between the algorithms. For example, analysis of melanoma and lung tumor samples with matched normal demonstrated that MuTect ) and VarScan2 (Koboldt et al. 2009; Koboldt et al. 2012) were highly sensitive and accurate mutation callers; however, MuTect's stringent filtering criteria led to the rejection of more somatic SNVs than VarScan2, while VarScan2 reported more false positives than MuTect. However, Strelka (Saunders et al. 2012) and SomaticSniper ) identified fewer true positive SNVs; however, they also identified fewer false positive SNVs (Wang et al. 2013) . Furthermore, analysis of breast cancers by nine different somatic mutation callers, demonstrated MuTect, EBCaller (Shiraishi et al. 2013) , Shimmer (Hansen et al. 2013) , and Strelka to be the most accurate and reliable algorithms and capable of outperforming VarScan2 (Kroigard et al. 2016 ). As such, it is preferable to utilize multiple somatic mutation callers to accurately identify somatic variants while minimizing caller-specific false positives.
Our own approach has revolved around using the Genome Analysis Toolkit best practices pipeline (Van der Auwera et al., 2013), followed by mutation calling using the consensus calls from three independent mutation callers (Saini et al. 2016) . Specifically, sequencing reads are aligned to the human genome using bwa-mem. The resulting SAM files are converted to the BAM format with addition of read groups needed for GATK downstream processing, PCR duplicates are marked and removed and the resulting BAM files are realigned around indels and the base quality scores are recalibrated. Germline polymorphisms are determined in blood DNA or the matched "normal" DNA using the GATK haplotype caller and the SNVs are filtered by training on known SNPs present in HapMap, dbSNP, and the 1,000 genomes project. Somatic mutations are determined in the clone or single cell using three callers Environmental and Molecular Mutagenesis. DOI 10.1002/em -the GATK Haplotype caller that reports all variants in the sample and subsequently the germline variants are subtracted from the mutation list, as well as MuTect and VarScan2 which use data from the matched normal to directly output the clone-or cell-specific mutation calls. Only highconfidence variants called as "somatic" by all three callers are denoted as true-somatic calls.
To obtain high quality somatic mutation calls, further filters may be applied. VariantFiltration from GATK may be used to filter out variants that do not conform to certain criteria such as SNPs with quality (QUAL) scores less than 30 or low depth of coverage. Similar filters can be applied to VarScan2 and MuTect such that mutations present in regions with low depth, variants only detected in one orientation, SNPs next to indels, triallelic events or lowconfidence somatic SNPs can be filtered out. Furthermore, variant positions that overlap with known dbSNPs or variants within simple repeat tracts and blacklisted genomic regions (obtained from https://genome.ucsc.edu/cgi-bin/ hgTables), are removed from consideration. Finally, for single cell or clonal population sequencing, allele frequency filters should be applied such that SNPs with allele frequencies between 45 and 55% are considered as heterozygous alleles, while those with frequencies >90% are considered homozygous alleles. SNPs with allele frequencies that are not within these ranges likely arose in vitro during cell culture or WGA and are therefore removed.
Human Somatic Mutation Rates
The assessment of somatic mutation rates in multicellular organisms, especially humans, in situ has been a long standing unanswered question. The underlying cause for this gap in knowledge so far has been the lack of accurate measurements of somatic mutation loads in single human cells. Initially, mutations accumulated in single gene reporters or in a small fraction of the genome were used as a proxy to determine somatic mutation rates in humans. These estimates vary dramatically between 10 −9 and 10
mutations per base per cell division (Araten et al. 2005; Lynch 2010; Li et al. 2014) . Moreover, based on genomic studies in human somatic cells and cancers, it is now clear that mutation rates vary across the genome in a nonrandom manner. The majority of the mutagenic processes lead to increased mutation loads in late replicating heterochromatic genomic regions in part due to reduced DNA repair capacity in these regions (Koren et al. 2012; Schuster-Bockler and Lehner 2012; Lawrence et al. 2013; Polak et al. 2014; Polak et al. 2015; Sabarinathan et al. 2016; Saini et al. 2016 ). As such, measuring mutation rates based on mutation accumulation at a single locus may lead to biased results. The innovations in single-cell sequencing techniques, or single cell-derived clones and organoids' sequencing, have provided insights into somatic mutation rates. Single cell sequencing from mice and human cells showed a median mutation rate of 2.8 × 10 −7 and 4.4 × 10 −7 per bp for human and mouse cells. Accounting for cell divisions based on the number of cells in the body and tissue homeostasis after birth enabled correction of the mutation rates to 2.66 × 10 −9 and 8.1 × 10 −9 mutations per bp per mitosis in humans and mice ). However, estimation of telomere lengths in somatic fibroblast clones provided an estimate of approximately 60 cell divisions in adult skin cells since birth. Using this metric, the somatic mutation rates in hip and forearm fibroblast clones varied from 1.4 × 10 −9 to 3 × 10 −8 mutations per nucleotide per cell division, with higher mutation rates in sun-exposed skin cells carrying a prominent UV-mutation signature (Saini et al. 2016) .
Interestingly, studies have also reported elevated accumulation of structural variations during early embryogenesis (Vanneste et al., 2009 ). In addition, Ju et al. estimated somatic mutation rates during early embryogenesis to be approximately 2.8 mutations per cell doubling. Similar to the age-associated mutation profile 43% of the mutations generated during early embryogenesis were C!T changes at CpG dinucleotides (Tables II and III) (Ju et al., 2017) . The rate of somatic mutation accumulation in neurons was found to be~5.1 mutations per day during neurogenesis, which was lowered to~1.3 mutations per day in early embryos. Moreover, analysis of mutation spectra in these cells demonstrated heightened C!T changes at CpG motifs generated during early neurogenesis coupled with increased C!A changes likely attributable to oxidative damage (Bae et al., 2018) .
Somatic Mutation Spectra as an Indicator of Environmental or Endogenous DNA Damage in Cancerfree Cells
Currently, 30 mutation signatures are defined in the COSMIC database for cancer genomes (Alexandrov et al. 2013; Forbes et al. 2017) . A variety of mutation signatures are highly concordant with known mutagenic activities of a variety of DNA damaging agents, including APOBEC3-induced tCw!tTw and tCw!tGw changes (Signatures 2 and 13 in COSMIC), UV-induced C!T changes at pyrimidine dimers (Signature 7 and 11 in COS-MIC) and oxidative damage induced C!A changes due to erroneous bypass of 8-oxoguanine residues (Signature 4 in COSMIC); and signatures also vary with defects in DNA repair pathways (Drost et al. 2017; Kim et al. 2016 also  Table III ). Based on these observations, it can be hypothesized that mutation signatures attributable to known environmental or endogenous DNA damage in human somatic cells can provide insights into the major mutagenic sources acting upon the tissue types tested. In support of this conjecture, the predominant mutation signature detected in sun-exposed healthy skin cells was of the UV-induced Environmental and Molecular Mutagenesis. DOI 10.1002/em mutations (Martincorena et al. 2015; Saini et al. 2016; Abyzov et al. 2017) , while in sun-unexposed skin cells, this signature was much lower (Saini et al. 2016) . Moreover, the age-associated ubiquitous nCg!nTg signature has been shown to be present in almost all cell types tested (Lodato et al. 2015; Blokzijl et al. 2016; Saini et al. 2016) , demonstrating that deamination at methylated cytosines is active in all cell types across the human body. With further accumulation of the data for healthy human cells, it is possible that similar to cancers, a catalog of mutation signatures may be developed, highlighting the mutational mechanisms that exclusively function in either cancerous tissues or healthy cells.
The caveats of such an undertaking are that a large number of signatures have overlapping components, whereas for many signatures, the etiology of the processes is unknown. Thus, it is a challenging effort to assign, where possible, the DNA damage and transaction processes to the signatures. Examples of such overlapping mutation signatures include the UV mutation motif (yCn!yTn), Activation-induced cytidine deaminase (AID) mutation motif (wrC!wrT), APOBEC mutation motif (tCw!tTw) and the age-associated mutation motif (nCg!nTg) Rogozin et al. 2016; Saini et al. 2016) (Table III) . One way to annotate specific processes with their signatures is to split mutation signatures into nonoverlapping components. Saini et al. were able to differentiate between UV-induced mutagenesis at yCn motifs from CpG mutation signatures by splitting nCg!nTg to rCg and yCg, respectively (Saini et al. 2016) (Table III) . This approach has also been used in determining which of the APOBEC3 enzymes are the major mutagens in cancer genomes. Both the APOBEC3A and 3B enzymes preferentially deaminate cytosines in the tCw motif. Using yeast systems ectopically expressing these enzymes, Chan et al. demonstrated that the preferred moiety for APOBEC3A is ytCa (y is a pyrimidine), while APOBEC3B favored rtCa (r is a purine) (Table III) . This choice of the −2 nucleotide by the enzymes was further corroborated by analysis of cancer genomes, which led to the conclusion that APOBEC3A is responsible for higher mutation loads in cancers than APOBEC3B (Chan et al. 2015) . Interestingly, Rogozin et al. demonstrated that C!T changes at methylated cytosines at CpG residues that are within the AIDmutable motif wrC are often overrepresented. Thus, AIDinduced mutagenesis in wrCg motifs was found to be enriched in cancers where based on analysis of the classical AID motif (wrC) no AID activity was detected (Rogozin et al. 2016) . Such analyses for other mutation signature motifs will help delineate the various mechanisms that damage DNA and measure their impacts on genome stability in human somatic cells.
Conclusions and the Future Challenges in Somatic Mutation Analysis
The advances in somatic genome sequencing techniques over the last few years have significantly enhanced our knowledge about the somatic mutation loads and spectra in non-cancerous human tissues. Similar to cancer genomes, the mutation loads and spectra across the body and in different cell types were found to be dependent on the proliferative ability of the cells, their DNA repair capacity and the endogenous or exogenous DNA damaging agents the cells can encounter. Measuring mutations at the cellular level is essential to understand the impacts of environmental or endogenous factors on genome stability as even deep sequencing of bulk tissue specimens would reflect primarily a few overrepresented mutations or cell lineages. However, studying the majority of the cells across the body is a challenging feat since most terminally differentiated cell types cannot be cultured. To overcome this caveat, iPSC may be generated, however this process is inherently mutagenic (Ji et al. 2012; Rouhani et al. 2016) . On the other hand, techniques involving single cell-derived clones (Saini et al. 2016) or organoids (Behjati et al. 2014; Blokzijl et al. 2016 ) are reliant on the minor fraction of cells that retain proliferative ability within the tissue. Therefore, single-cell sequencing for measuring mutation loads across most cell types makes this the desired future approach for large-scale studies. The current single-cell sequencing technologies have already allowed to sequence genomes of otherwise inaccessible cell types. However, one of the major caveats of single cell sequencing techniques is the high error-rate of the WGA techniques. Benchmarking the current technologies using sequenced clonal lineages alongside better-quality bioinformatic algorithms to determine the mutation rates and spectra associated with the different WGA technologies, can drastically improve the rates of calling true-positive mutations in single cells. Overall, we anticipate that advances in single cell sequencing technologies will provide the means for high-throughput profiling of somatic genomes in the cells across the human body.
The current and future studies on somatic mutation loads and spectra in healthy human cells have the potential to build the platform for utilization of these data as a "dosimeter" of environmental and endogenous DNA damage accrued over an individual's lifetime allowing mutational information in cells to be used as part of cancer prevention screens. However, in order to transition into such screening procedures, a variety of challenges must be addressed. The first and foremost difficulty anticipated is the unavailability of or highly invasive nature to obtain a large variety of cell types from healthy living donors, including neuronal cells which currently can only be accessed post mortem. Therefore, development of techniques and bioinformatic tools for sequencing of cell-free DNA from blood and calling somatic mutations (reviewed in the study by Cai et al. 2015and Heitzer et al. 2016 ) may bypass the need to sequence specific cell types, allowing expansion of these studies to a large population at a fraction of the costs. Moreover, we can anticipate that somatic mutation Environmental and Molecular Mutagenesis. DOI 10.1002/em estimations in easily accessible cell types like blood cells or buccal swabs of individuals who may have been exposed to carcinogens, would become common practice in measuring the impacts of the exposure to their health outcomes. Such measurements across populations, including individuals carrying known deleterious mutations in DNA repair genes or pathways predisposing them to accumulation of mutations, will provide the range of somatic mutation loads in healthy people thus informing about the normal and pathological levels of human somatic mutations.
In summary, the estimation of somatic mutations in healthy human tissues has the potential to revolutionize our understanding of the causes underlying and the consequences of somatic genome instability on human health. Similar to the burst in cancer genome sequencing studies, with improvements in NGS technologies, and reduction in cost for sequencing genomes we expect large-scale efforts in somatic mutation detection in healthy individuals paving the way to understanding and screening for cancer and other somatic disease predisposition.
